• Transformation into standard space affected structural and functional analysis results and group difference determinations.
Introduction
The focus of the present study was to ascertain whether significant group-level differences occur when a single data set is processed using different processing pipelines. We used both delineate structural ROIs by the definition of specific anatomical landmarks (e.g., sulci and gyri, such as the Calcarine Sulcus and the Pars Triangularis; cf. Fischl et al., 2008) .
Both standard and native space methods ostensibly allow the researcher to ensure that functional activity is not erroneously assigned to extra-ROI regions due to individual differences in cortical architecture. Regrettably, standard space procedures have a high probability of incorrectly labeling voxels due to the heterogeneity of cortical folds across subjects. It has been assumed that matching an individual's functional data to that individual's own anatomy would allow for the most accurate analysis (e.g., Fischl et al., 2008; Siebert and Brewer, 2011; Siebert et al., 2012) . However, this method of analysis is often more labor-and timeintensive than using a standardized brain atlas, even with the availability of automated or semi-automated registration (e.g., Fischl et al., 2004; Desikan et al., 2006) . ROIs are typically used to test hypotheses regarding the functions of various brain regions, but the functions of these regions can differ between groups (e.g., younger versus older, healthy versus clinical populations). Thus, accurate estimates of blood oxygen level dependent (BOLD) activity within ROIs are critical to inferences regarding functional group differences.
Further, it is possible that native and standard space approaches are differentially affected by the use of volume and surface-based analyses. It has recently been demonstrated (e.g., Tucholka et al., 2012) that surfaced-based group analyses are more sensitive than analogous volume-based analyses. Such surfaced-based analyses have been shown to improve reliability over volume-based analyses, particularly for suprathreshold data. However, surface-based analyses involve a burden in terms of time and resources, and there is some risk that the data are not properly projected to the surface (cf. Fischl et al., 1999; Operto et al., 2008; Greve and Fischl, 2009 ). Thus we sought to compare group differences in BOLD activity estimates in standard and native space using both volume and surface-based analyses.
Numerous functional magnetic resonance imaging (fMRI) studies have used Brodmann Area (BA; Brodmann, 1909 Brodmann, /2006 ROIs in their analyses (see Rypma, 2006; e.g., Fischl et al., 2008 ). Yet a fundamental problem in defining ROIs on the individual's cortical surface is that of adjudicating a voxel to the appropriate ROI in the absence of cytoarchitectural information. One common way to delineate areas of cortex is to rely on sulcal and gyral folding. Fischl et al. (2008) demonstrated that folding is accurate, stable, and provides histologically appropriate BA demarcations. Hence, a foldingbased alignment in native space has the potential to account for significant anatomical variability. Implementing native space folding alignment could therefore yield improved accuracy in determining ROIs across the cortex compared to a standard space alignment method that does not account for individual variability in folding.
In the present study, we evaluated native and standard space data using both volume-and surface-based approaches (see Fig. 2 ). Anatomical motor cortex (MC) and prefrontal cortex (PFC) BA ROIs were defined based on anatomical landmarks in each individual's native space and also in standard space. Functional ROIs were generated by using only suprathreshold voxels within the anatomical ROIs. Results were compared using functional (i.e., BOLD percent signal change) and structural (i.e., voxel or node count) approaches for young, healthy collegiate and older military-veteran participants.
Materials and methods

Participants
Twenty-three healthy participants were recruited from the University of Texas at Dallas (UTD; ages 20-39, M = 24 ± 4 years, 11 female). Forty-seven participants (ages 40-73, M = 58 ± 8 years, 0 female) were recruited from a group of military-veterans formerly deployed to the 1991 Persian Gulf War; military-veterans' participation was included as part of a larger study. Approximately half of the military-veterans were diagnosed with Gulf War Illnesses (GWI; n = 23; for neural sequelae of GWI see Hubbard et al., 2013) , whereas the remainder of the military-veterans reported being healthy (n = 24). All participants gave written informed consent. All procedures were approved by the UTD and the University of Texas Southwestern Medical Center (UTSWMC) Institutional Review Boards.
The fMRI tasks
Participants performed a button press task (BPT), in which they were required to press left and right hand buttons simultaneously when a black and white annulus flashed on the screen (i.e., every 18 s). This task reliably elicits BOLD activity within motor cortex (e.g., Rypma et al., 2005) . The task sequence began with an 18 s period to reach steady-state magnetization followed by a single run of 20 trials (360 s).
Participants also performed the digit-symbol verification task (DSVT; Rypma et al., 2006) . Each trial of the DSVT contained a key consisting of number-symbol pairings toward the top of the screen and a single number-symbol probe toward the bottom of the screen. Participants were allotted 3.5 s to determine whether the number-symbol probe matched the corresponding number-symbol pair in the key. They were instructed to press the button located in their right hand if there was a match, or the button located in their left hand if there was not a match. 'Left = No' and 'Right = Yes' were continuously presented at the lower left and right hand corners of the screen, respectively. The task sequence began with an 18 s period to reach steady-state magnetization followed by 4 s trial events with a variable inter-trial interval (0, 4, 8, or 12 s). There were 3 runs of 52 trials (6 min 18 s per run), for a total of 156 trials.
Scanning parameters
All magnetic resonance imaging data were acquired on a Siemens 3 Tesla magnet equipped with a 12-channel receiver array head coil and body transmit coil. An fMRI BOLD echo planar imaging pulse sequence was used to acquire BPT and DSVT functional data (TE = 20 ms, TR = 2000 ms, flip angle = 90 • , trans-axial plane, head-to-foot acquisition, matrix 74 × 74, slices = 44, voxels = 3 mm × 3 mm × 3.5 mm; BPT volumes = 189; DSVT volumes = 159). A high-resolution magnetization-prepared rapid acquisition with gradient echo (MPRAGE) 3D volume image was also acquired for each participant (TE = 3.31 ms, TR = 2250 ms, flip angle = 12 • , sagittal plane, left to right acquisition, matrix = 256 × 256, slices = 160, slice thickness = 1 mm, voxels = 1 mm 3 ).
Functional processing
AFNI software (Cox, 1996) was used to preprocess the functional data. Data for individual participants were corrected for slice-timing offset and motion, and were spatially filtered with an 8 mm full width half maximum Gaussian kernel. The data for each voxel and run were scaled by the mean for that voxel and run, yielding parameter estimates expressed in terms of percent signal change (i.e., 100 × y t /M y , t = time point). A regressor was constructed for each task by convolving a hemodynamic response model (a gamma-variate function using Cohen parameters; b = 8.6, c = .547, maximum amplitude = 1.0) with each trial onset in a taskreference function (Cohen et al., 1997) . For each run, regressors for motion correction estimates and linear, quadratic, and cubic trends were included in the baseline regression model. Data were exported into the SAS ® software program (Version 9.1, SAS Institute, Cary, NC) for further statistical analysis.
Individual BA ROI generation
All image data were processed in Neuroimaging Informatics Technology Initiative 1.1 format (NIfTI-1.1) for portability across platforms (http://nifti.nimh.nih.gov/nifti-1/). Pial and white matter surface reconstructions for each hemisphere were obtained from the MPRAGE using Freesurfer's (http://surfer.nmr.mgh. harvard.edu/) "recon-all" (i.e., reconstruction) shell script in a Fedora Unix environment. Inflated surfaces were visually inspected for white matter deletions, pial deletions, and abnormalities, and control points were added to include white or gray matter not automatically included in the surfaces; dura and skull were manually deleted from the pial surface as necessary. The Freesurfer reconstruction algorithm was re-applied and surfaces were visually re-inspected. After two of the authors (T.S. and G.A.J.H.) concurred that each surface matched its respective MPRAGE and that all white matter and pial layers were intact, these surfaces were used to create a mid-thickness (i.e., midpoint between pial and white matter) surface in Caret (Van Essen et al., 2001 ) using the Caret "surfaceaverage" algorithm.
Caret software automatically generated three landmarks prior to flattening: Medial Wall Dorsal, Medial Wall Ventral, and Calcarine Fissure. These landmarks were manually adjusted to better reflect each individual's anatomy. These landmarks were then used as cuts to flatten the brain and became the outer edges of the flattened surface. Three additional Caret-recommended landmarks were manually drawn on the flattened surface: the Central Sulcus, the Sylvian Fissure, and the anterior half of the Superior Temporal Gyrus (labeled aSTG; see Fig. 1 ; Van Essen, 2005) . In order to correct for inconsistencies in the locations of BAs and their alignment with gyral and sulcal landmarks, we manually added five landmarks (3 sulci and 2 gyri) that we determined to be consistently identifiable and accurate in determining BAs across participants (see Fig. 1 ): Inferior Rostral Sulcus, Pars Triangularis, Pars Orbitalis, Inferior Frontal Sulcus, and Superior Temporal Sulcus. These additional landmarks were particularly helpful in localizing PFC BAs (cf. Fischl et al., 2008 , regarding variability in frontal folding).
Surfaces were then spherically registered to the standard surface template using Caret software, which includes algorithms to account for variations in sulcal depth. The surfaces were expanded into a sphere and the landmarks from the individuals were aligned with the landmarks defined on the standard surface sphere. BAs were derived for each hemisphere by employing the Caret spherical registration process, and manual adjustments were accomplished using the Caret paint tool. Two authors (T.S. and G.A.J.H.) systematically verified and agreed that surfaces and BAs were created without flaws or abnormalities. Volume maps were created in Caret and were then processed using in-house MATLAB ® (Version 7.4, Mathworks, Natick, MA) code to reassign arbitrarily assigned Caret-generated mask values to reflect standard BA numerical designations. ROI masks for BAs in left and right motor cortex (MC; as defined by area 4) and left and right prefrontal cortex (PFC; as defined by areas 8, 9, 10, 11, 44, 45, 46, and 47) were generated using AFNI by down-sampling the data to functional space and then applying the mask to the native space functional data. Analyses for this paper were restricted to data within left and right MC and PFC ROIs.
Time-intensiveness and required labor are concerns in analysis pipeline development. In our pipeline, the entire process of generating individual ROIs was typically completed within two working days if Freesurfer and CARET processes did not encounter problems. Complex issues were often encountered; for older military-veteran participants, the process often took up to four working days. The most pervasive problem that contributed to extended processing time was poor separation of older participants' (i.e., ≥50 years) white matter and pial surfaces. Computing power available versus the amount of computing power required to process each brain was also a factor limiting the rate at which data could be analyzed. Our Fedora Linux-based operating system with an Intel ® Xenon ® (W5590 @ 3.33 GHz) processor permitted us to process about three or four brains at the same time on a single Linux drive. Because of the iterative nature of the processing pipeline when problems were encountered, several brains required multiple processing attempts.
Identification of anatomical landmarks for Freesurfer processing was also a rate limiting step. Due to anatomic variability, there were 2. An overview of data processing decisions commonly made by researchers. Depending on the processing pathway chosen, statistical significance (e.g., p < .05) might or might not be attained. The present paper seeks to elucidate the most appropriate processing pipelines for fMRI data.
individual brains for which landmarks were difficult to discern, often resulting in two to three extra hours of labor. Uninterrupted, this portion of the process required two to three hours for Freesurfer to complete-that is, if the brain was being processed alone on the Linux machine-and then an additional two to three hours were required for Caret to complete processing.
Standard space volume BA ROI generation
In a procedure parallel to the individual BA ROI generation, the AFNI (Cox, 1996) Colin TTN27 template was spherically registered to the Caret Colin template (Van Essen, 2002) to create volume maps of BAs for standard space. ROI masks for BAs in left and right MC and PFC were generated using AFNI, down-sampled to functional space, and applied to the standard space-transformed functional data.
Processing for surface-based analyses
A cortical surface was constructed for each subject using the same recon-all reconstruction algorithm in Freesurfer; however, in this instance we used the surfaces as generated by Freesurfer, without additional corrections. These surfaces consisted of meshes with edges and nodes based on the geometry and topology of each individual's anatomical brain images. The time required to run the full processing (i.e., recon-all) was approximately 20 h per subject using a Fedora Linux-based operating system with an Intel ® Xenon ® (W5590 @ 3.33 GHz) processor. This yielded a total time of about 1400 h to create these surfaces, which we were not able to create concurrently due to the computer set-up in our laboratory. These surfaces were then aligned with re-sampled anatomical images in SUMA (Surface Mapping, a program that interacts with AFNI; Saad and Reynolds, 2012) . Left and right anatomical and functional masks were generated for MC and PFC. These masks were applied to functional images first, and then they were mapped onto white matter and pial surfaces in SUMA.
A spherical template was used to create a standardized mesh for the standard surface model in SUMA. This standard model coordinate system was then used to recreate each participant's standardized cortical surface such that coordinates across participants shared the same localization across the standard space (cf. Saad and Reynolds, 2012) . Node-mapping using this methodology has been demonstrated as 99.9% accurate in terms of alignment to the native surface (Saad et al., 2004) .
Statistical analyses
Data were exported out of their respective ROIs and were analyzed using SAS software. Using a functional approach, beta values from the fMRI regression analyses were scaled to reflect percent signal change as outlined in Section 2.4. Mixed model analyses (cf. Chen et al., 2013) were then used to determine the effects of our data treatments (analysis method: volume/surface, space: native/standard, ROI: anatomical/functional, and two-way interactions of these variables) on percent signal change values. Group (collegiate/military-veteran), health (healthy/GWI) and hemispheric (left/right) differences were assessed in light of the various data treatment approaches. Using a structural approach, the total number of voxels or nodes within left and right MC and PFC regions were likewise compared over the ROIs. Age was also included in the models as a covariate. Hemispheric differences were very limited in scope and those results are therefore not presented.
Results
Percent signal change comparisons-a functional approach
Comparisons of percent signal change are the most common assessment when comparing fMRI data between groups. Differences in percent signal change are often assumed to reflect differences in neural activity between groups, even though this is not always the case. Factors such as the processing of the data, as assessed in this paper, and other factors beyond the scope of this paper such as perfusion (e.g., Ances et al., 2008; Hutchison et al., 2013a,b) can potentially impact percent signal change values.
As seen in Fig. 3 , an interaction between data type and ROI type indicated greater percent signal change with data from the functional ROI compared to data from the anatomical ROI. This effect was greater on the surface but was also significant in the volume analyses ( Fig. 3a and b ; PFC F(1, 1016) = 1434.19, p < .0001; MC F(1, 959) = 740.86, p < .0001). The greatest percent signal change within both PFC (Fig. 3a) and MC ( Fig. 3b) was obtained using surface analyses with a functional ROI. Within PFC, standard and native space analyses were equivalent on the surface. However, standard space analysis yielded greater percent signal change relative to native space analysis for volume analyses (Fig. 3c) . In terms of main effects, surface percent signal change was greater than volume percent signal change (Fig. 3d ) and percent signal change within the functional ROI was greater than percent signal change within the anatomical ROI (Fig. 3e) . As seen in Fig. 4 , group differences in percent signal change were affected by brain region. Within PFC, collegiate participants showed greater percent signal change than military-veterans (Fig. 4a) . Within MC, main effects of group (collegiate/militaryveteran) and health (healthy/GWI) were only marginally significant (MC collegiate least squared mean (LSM) = 0.5389 ± standard error 0.0696, MC military-veteran LSM = 0.3744 ± 0.0372, difference estimate (de) = 0.1645 ± 0.0864, t(62) = 1.90, p = .062; MC GWI LSM = 0.5288 ± 0.0583, MC healthy LSM = 0.3845 ± 0.0432, de = 0.1443 ± 0.0745, t(45) = 1.94, p = .059).
Within both PFC and MC, there were significant interactions between ROI type and group (PFC F(1, 783) = 7.87, p = .005; MC F(1, 514) = 6.71, p = .010). Specifically, within PFC, percent signal change using the anatomical ROI was positive for collegiate participants, whereas it was negative for military-veterans (Fig. 4b) . However, percent signal change using the functional ROI was only marginally greater for collegiate participants than for military-veterans (Fig. 4b) . In contrast, within MC, the anatomical ROIs yielded no differences between collegiate and military-veteran groups (Fig. 4c) . However, using the functional ROI, collegiate participants evidenced greater percent signal change than military-veteran groups (Fig. 4c) .
Group and health also interacted with data type in MC such that differences were more pronounced for these variables with surface analyses than with volume analyses (Group F(1, 882) = 14.83, p = .0001; Health F(1, 692) = 11.17, p = .0009). Specifically, collegiate participants had greater percent signal change than militaryveteran participants with surface analyses, but this difference was not significant with volume analyses (Fig. 4d) . Likewise, GWI participants had greater percent signal change than healthy participants with surface analyses, but this difference was also not significant with volume analyses (Fig. 4e) .
Voxel and node count comparisons-a structural approach
Significantly different voxel or node counts using standard versus native space and volume-versus surface-based analyses could lead to disparate interpretations regarding group differences. Specifically, counts of voxels or nodes within anatomical ROIs index brain volume within the given brain region; in contrast, counts of voxels or nodes within functional ROIs index the spatial extent of activation within the given brain region. This structural approach has been successfully used as a metric of the diffusion of functional activation across cortex (e.g., Karni et al., 1995; Di et al., 2013) , and it is potentially beneficial in teasing apart differences between groups when signal-to-noise ratios might differ in one group compared to another (cf. Saad et al., 2003) . To simplify interpretation, we conducted volume (voxel) and surface (node) data analyses separately. As seen in Fig. 5 , native space ROIs subsumed greater spatial extent (i.e., more voxels or nodes) than standard space ROIs ( Fig. 5a and b) . Because we defined our functional ROIs as subsets of the anatomical ROIs containing suprathreshold voxels, it was not surprising that anatomical ROIs contained significantly more voxels or nodes than functional ROIs (all ps < .0001). More interestingly, there was an interaction between space and ROI type such that larger differences occurred between anatomical and functional spatial extent in native space than occurred between anatomical and functional spatial extent in standard space ( Fig. 5c-f ; PFC F(1, 1003) = 52.97, p < .0001; MC F(1, 475) = 56.23, p < .0001). In fact, when using nodes to assess spatial extent, there were significantly more nodes within the functional mask in native space, but not in standard space (Fig. 5e and f) .
As seen in Fig. 6 , group differences in the extent of activation within the volume analyses were affected by brain region and method of assessment (voxels or nodes). Within PFC, collegiate participants had a greater extent of activation than military-veterans using either voxels or nodes (Fig. 6a) . With nodes in particular, this effect was greater with standard space compared to native space data (Fig. 6b) ; this effect was also greater with functional compared to anatomical ROIs (Fig. 6c) .
Results were more varied within MC. Standard space voxel analyses indicated that military-veterans and collegiate participants had a similar extent of activation, whereas native space voxel analyses indicated that military-veterans had a greater extent of activation than collegiate participants (Fig. 6d) . Using voxel analyses, military-veteran and collegiate participants had equivalent extent of activation with functional ROIs, but military-veterans had larger anatomical ROIs than their collegiate counterparts (Fig. 6e) . Using node analyses, military-veteran and collegiate participants had similar extents of activation with functional ROIs, as well as similarly sized anatomical ROIs (Fig. 6g) . Additionally, when using node analyses there was a significant interaction between space and group (F(1, 446) = 6.46, p = .011; using difference estimates as means from the following two contrasts yields Cohen's d = .436). That is, within native space, military-veterans exhibited marginally greater spatial extent than collegiate participants; however, within standard space, collegiate participants exhibited marginally greater spatial extent than military-veterans (Fig. 6f) .
Discussion
In the present study, participants completed a BPT and a DSVT during fMRI acquisition. Functional data were analyzed in native space and transformed into standard space for comparative analysis using both volume-and surface-based analyses. BA ROIs were used to define left and right ROIs within MC and PFC. Mixed effects models evaluated whether the various processing pipeline choices affected signal/extent in the assessment of group differences (collegiate and military-veteran, healthy and GWI). Our results suggest that the method of analysis can be critical in the assessment of group differences.
Using a functional approach, signal intensity was greater on the surface and when using functional ROIs. This processing combination maximized the chance of detecting group differences. The use of native or standard space in this scenario resulted in similar outcomes.
Using a structural approach, we found differences between brain regions. Anatomical PFC ROIs for the collegiate group were larger (i.e., contained more voxels or nodes) than those of the military-veteran group, indicating that atrophy might be a factor within PFC for the military-veteran group (a correction to minimize spatial variance would be appropriate in this case, but was beyond the scope of the present study; see Di et al., 2013) . In contrast, anatomical MC ROIs for the military-veteran group were larger than those of the collegiate group, ruling out atrophy as a cause for group differences in functional extent within MC. In PFC, standard space analyses detected more group differences, whereas in MC, native space analyses detected more group differences. In both PFC and MC, surface-based analyses detected more group differences than did volume-based analyses, and collegiate participants evidenced a greater extent of functional activation than their military-veteran counterparts.
One possible cause for the observed differential effects of volume-based versus surface-based analyses is that much of the activity that is detected by fMRI technology comes from the surface, thereby rendering surface-based approaches more sensitive than their volume-based counterparts (cf. Tucholka et al., 2012) . Using volume-based analyses yielded different results within different cortical regions. Our volume analyses suggested that we were more successful in detecting group differences when using a standard space approach within cortical regions exhibiting greater levels of anatomical variability, such as PFC (cf. Fischl et al., 2008) . However, we were more successful in detecting group differences when using a native space approach within regions exhibiting less variability, such as MC (cf. Fischl et al., 2008) . It might be that optimal decisions regarding analysis technique involve consideration of the brain regions under investigation. Consistent with Tucholka et al. (2012) , our overarching pattern of results suggested that surface-based analyses using functional ROIs are preferable for detecting group differences in percent signal change, assuming that an appropriate projection to the surface can be obtained. However, surface generation can be time intensive, even when using automated methods. When using volume analyses, the use of native space was more important. Although this, too, requires greater processing time than simply using an automated standard space transformation. Our results converge with other studies indicating that the most time efficient, automated methods might not be the most accurate. For example, Kennedy et al. (2009) compared voxel-based morphometry (VBM) to manual volumetry and found VBM to provide realistic estimates in regional gray matter of anatomically defined areas in older individuals, but overestimates were found for peak volume. Kennedy et al. (2009) recommended using VBM as a first-pass strategy followed by manual measurement of anatomical areas for greater accuracy; they suggested that the VBM method, as often practiced by investigators, is less than ideal. Likewise, our results indicate that volumetric standard space analyses, as often implemented by researchers, are weaker than other analysis procedures in determining group differences.
Our results suggest that it is reasonable to use a volumetric standard space atlas for initial analyses of fMRI data. However, our results and those of others (e.g., Kennedy et al., 1998) suggest that although it is more time-efficient to transform subjects' data into standard space, this method of normalization and ROI circumscription can affect the outcome of statistical analyses, from which group differences could be minimized or inflated. For instance, we observed greater percent signal change in standard compared to native space volume analyses within PFC (Fig. 3c) . However, we found greater group differences in extent with native space compared to standard space volume analyses within MC (Fig. 6d) .
Caution should be exercised if using standard space ROIs for analyzing volumetric fMRI data due to potential distortion of the results. We suggest that this is particularly important if special populations are being examined using group comparisons. More research is certainly needed investigating methods that permit simultaneous volume and surface-based analyses incorporating more accurate ROI parcellation (e.g., de Reus and van de Heuvel, 2013; Glasser et al., 2013; Wig et al., 2013) . The use of semiautomated methods in native space (or more ideally, on the surface) is suggested as a judicious approach in analyzing fMRI data. This method is not as labor-intensive as drawing ROIs manually on individual brain surfaces, but it offers greater opportunity to detect group differences compared to the transformation of functional data into standard space.
